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ABSTRACT 
The present disclosure provides systems and methods that 
leverage machine learned models ( e . g . , neural networks ) to 
provide enhanced communication assistance . In particular , 
the systems and methods of the present disclosure can 
include or otherwise leverage a machine learned communi 
cation assistance model to detect problematic statements 
included in a communication and / or provide suggested 
replacement statements to respectively replace the problem 
atic statements . In one particular example , the communica 
tion assistance model can include a long short - term memory 
recurrent neural network that detects an inappropriate tone 
or unintended meaning within a user - composed communi 
cation and provides one or more suggested replacement 
statements to replace the problematic statements . 
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ENHANCED COMMUNICATION 
ASSISTANCE WITH DEEP LEARNING 

FIELD 

[ 0001 ] The present disclosure relates generally to commu 
nication processing . More particularly , the present disclo 
sure relates to enhanced communication assistance featuring 
machine learned models . 

BACKGROUND 
[ 0002 ] Misunderstandings occasionally happen in written 
communication because additional communication channels 
such as body language are unavailable . For example , a 
written statement may be interpreted as having a certain 
undesirable tone , while the same statement delivered orally 
would not be so interpreted . 
[ 0003 ] As another example , an individual composing a 
written communication may be more prone to making 
statements that the individual later regrets . Carelessness in 
written communications is also problematic . For example , 
an individual may inadvertently make a legally problematic 
statement . 
[ 0004 ] To add to these problems , the threshold for what is 
considered problematic human communication is highly 
context - dependent . For example , a message from a writer to 
a first recipient may not be problematic in the context of an 
existing relationship between the writer and the first recipi 
ent , but may be problematic if delivered to a second recipi 
ent that has a different relationship with the writer . 
[ 0005 ] Certain existing technologies have attempted to 
solve small , discrete problems of this type . For example , an 
existing email assistant can automatically detect when the 
text of an email mentions an attachment but the email does 
not contain an attachment . 
[ 0006 ] However , limited solutions of this type do not 
provide a comprehensive solution to different types of 
communication problems , including inappropriate / offensive 
language , ambiguous wording , legally problematic wording , 
or undesirable tone ( e . g . , overly aggressive or passive 
aggressive tone ) . 

the one or more computing devices , information regarding 
the one or more problematic statements for display to the 
user . 

[ 0009 ] Another example aspect of the present disclosure is 
directed to a computing system to provide communication 
assistance . The computing system includes at least one 
processor . The computing system includes a machine 
learned communication assistance model that includes at 
least one recurrent neural network . The communication 
assistance model is trained to receive a first set of sequential 
communication data descriptive of a first communication 
provided by a user and , in response to receipt of the first set 
of sequential communication data , detect one or more prob 
lematic statements included in the first communication . The 
computing system includes at least one tangible , non - tran 
sitory computer - readable medium that stores instructions 
that , when executed by the at least one processor , cause the 
at least one processor to : obtain the first set of sequential 
communication data descriptive of the first communication 
provided by the user ; input the first set of sequential com 
munication data into the communication assistance model ; 
and receive , as an output of the communication assistance 
model , one or more indications that respectively identify the 
one or more problematic statements included in the first 
communication . 
[ 0010 ] Another example aspect of the present disclosure is 
directed to a user computing device that includes at least one 
processor and at least one non - transitory computer - readable 
medium that stores instructions that , when executed by the 
at least one processor , cause the user computing device to 
receive a first communication provided by a user . Execution 
of the instructions further causes the user computing device 
to provide a first set of communication data descriptive of 
the first communication provided by the user for input into 
a machine learned communication assistance model . The 
machine learned communication assistance model includes 
at least one long short - term memory recurrent neural net 
work . Execution of the instructions further causes the user 
computing device to receive one or more indications that 
respectively identify one or more problematic statements 
included in the first communication . The one or more 
indications were output by the machine learned communi 
cation assistance model . Execution of the instructions fur 
ther causes the user computing device to display a notifica 
tion that indicates the existence of the one or more 
problematic statements . 
[ 0011 ] Other aspects of the present disclosure are directed 
to various systems , apparatuses , non - transitory computer 
readable media , user interfaces , and electronic devices . 
[ 0012 ] These and other features , aspects , and advantages 
of various embodiments of the present disclosure will 
become better understood with reference to the following 
description and appended claims . The accompanying draw 
ings , which are incorporated in and constitute a part of this 
specification , illustrate example embodiments of the present 
disclosure and , together with the description , serve to 
explain the related principles . 

SUMMARY 

[ 0007 ] Aspects and advantages of embodiments of the 
present disclosure will be set forth in part in the following 
description , or can be learned from the description , or can be 
learned through practice of the embodiments . 
10008 ] One example aspect of the present disclosure is 
directed to a computer - implemented method for communi 
cation assistance . The method includes receiving , by one or 
more computing devices , a first communication provided by 
a user . The method includes providing , by the one or more 
computing devices , a first set of sequential communication 
data descriptive of the first communication provided by the 
user for input into a machine learned communication assis 
tance model . The machine - learned communication assis 
tance model includes at least one long short - term memory 
recurrent neural network . The method includes receiving , by 
the one or more computing devices , one or more indications 
that respectively identify one or more problematic state 
ments included in the first communication . The one or more 
indications were output by the machine learned communi - 
cation assistance model . The method includes providing , by 

BRIEF DESCRIPTION OF THE DRAWINGS 

( 0013 ] Detailed discussion of embodiments directed to 
one of ordinary skill in the art is set forth in the specification , 
which makes reference to the appended figures , in which : 
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[ 0014 ] FIG . 1A depicts a block diagram of an example 
computing system that performs communication assistance 
according to example embodiments of the present disclo 
sure . 
[ 0015 ] FIG . 1B depicts a block diagram of an example 
computing device that performs communication assistance 
according to example embodiments of the present disclo 
sure . 
[ 00161 . FIG . 1C depicts a block diagram of an example 
computing device that performs communication assistance 
according to example embodiments of the present disclo 
sure . 
[ 0017 ] FIG . 2 depicts a block diagram of an example 
communication assistance model according to example 
embodiments of the present disclosure . 
[ 0018 ] FIG . 3 depicts a block diagram of an example 
communication assistance model according to example 
embodiments of the present disclosure . 
[ 0019 ] FIG . 4 depicts a block diagram of an example 
communication assistance model according to example 
embodiments of the present disclosure . 
[ 0020 ] FIG . 5 depicts a block diagram of an example 
communication assistance model according to example 
embodiments of the present disclosure . 
[ 0021 ] FIG . 6 depicts a flow chart diagram of an example 
method to perform communication assistance according to 
example embodiments of the present disclosure . 
[ 0022 ] Reference numerals that are repeated across plural 
figures are intended to identify the same features in various 
implementations . 

tion ) . Thus , the systems and methods can receive and 
analyze a textual communication as the user types it into the 
composition interface . 
[ 0025 ] As other examples , the systems and methods of the 
present disclosure can be included as a browser plug - in that 
works as a user types into an interface of a browser window , 
as an overlay or feature of a keyboard ( e . g . , a virtual 
keyboard on a mobile device ) , as a feature within a dictation 
application , or in other contexts . Thus , in some implemen 
tations , the communication assistance models of the present 
disclosure can be included in or otherwise stored and 
implemented by a user computing device such as a laptop , 
tablet , or smartphone . 
10026 ] As yet another example , the communication assis 
tance models can be included in or otherwise stored and 
implemented by a server computing device that communi 
cates with the user computing device according to a client 
server relationship . For example , the communication assis 
tance models can be implemented by the server computing 
device as a portion of a web service ( e . g . , a web email 
service ) . 
[ 0027 ] The communication data descriptive of the com 
munication can be analyzed a single time ( e . g . , just prior to 
transmission of the communication from the author to the 
recipient ) or multiple times ( e . g . , as the communication is 
entered by the user or periodically according to a schedule , 
such as , for example , every 5 seconds ) . For communication 
assistance models implemented by a server computing 
device , the communication data can make multiple round 
trips to perform multiple detection / replacement cycles . 
[ 0028 ] Regardless , the systems and methods described 
herein can receive a set of communication data descriptive 
of a communication provided by a user and can analyze such 
communication data to provide communication assistance . 
In some implementations , the set of communication data can 
be a set of sequential communication data . For example , the 
sequential communication data can describe text in an order 
in which it was entered by the user . In some implementa 
tions , the set of communication data includes an entire 
message thread that led to the new communication provided 
by the user . 
[ 0029 ] Thus , in some implementations , in order to obtain 
the benefits of the techniques described herein , the user may 
be required to allow the collection and analysis of commu 
nication data and / or other data associated with the user . 
Therefore , in some implementations , users may be provided 
with an opportunity to adjust settings to control whether and 
how much ( if any ) the systems of the present disclosure 
collect and / or analyze such information . However , if the 
user does not allow collection and use of such information , 
then the user may not receive the benefits of the techniques 
described herein . In addition , in some implementations , 
certain information or data can be treated in one or more 
ways before or after it is used , so that personally identifiable 
information is removed or not stored permanently . 
( 0030 ) According to an aspect of the present disclosure , 
the systems and methods described herein can include or 
otherwise leverage a machine learned communication assis 
tance model . In particular , in one example , the communi 
cation assistance model is trained to receive the set of 
communication data descriptive of a communication and , as 
a result of receipt of the communication data , output one or 
more indications that respectively identify one or more 
problematic statements included in the communication . 

DETAILED DESCRIPTION 

Overview 
[ 0023 ] Generally , the present disclosure is directed to 
systems and methods that leverage machine learned models 
( e . g . , neural networks ) to provide enhanced communication 
assistance . In particular , the systems and methods of the 
present disclosure can include or otherwise leverage a 
machine learned communication assistance model to detect 
problematic statements included in a communication and / or 
provide suggested replacement statements to respectively 
replace the problematic statements . In one particular 
example , the communication assistance model can include a 
long short - term memory recurrent neural network that 
detects an inappropriate tone or unintended meaning within 
a user - composed communication and provides one or more 
suggested replacement statements to replace the problematic 
statements . Thus , the present disclosure provides enhanced 
communication assistance through the use of machine 
learned models and , therefore , includes computing compo 
nents that can in some instances be referred to as a “ smart 
communication assistant . ” 
[ 0024 ] More particularly , the systems and methods of the 
present disclosure can provide communication assistance to 
a user in any situation in which a user is composing a 
communication . As one example , the systems and methods 
of the present disclosure can be employed within the context 
of a text message ( e . g . , SMS message ) composition inter 
face , an email composition interface ( e . g . , as a portion of an 
email client application ) , or any other text composition 
interface of an application ( e . g . , a word processing applica 
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Thus , in some implementations , the communication assis 
tance model can include a detection portion that is operable 
to detect problematic statements included in a user - com 
posed communication . 
[ 0031 ] As an example , the detection portion of the com 
munication assistance model can include one or more neural 
networks ( e . g . , deep neural networks ) . For example , the 
detection portion of the communication assistance model 
can include one or more recurrent neural networks such as , 
for example , long short - term memory ( LSTM ) recurrent 
neural networks , gated recurrent unit networks , or other 
recurrent neural networks . In other implementations , in 
addition or alternatively to one or more neural networks , the 
detection portion of the communication assistance model 
can include other forms of machine learned models such as , 
for example , support vector machines , hidden Markov mod 
els , and other machine learned classifiers . In addition , in 
some implementations , the detection portion of the commu 
nication assistance model can include or implement addi 
tional alternative approaches such as rule - based systems 
( e . g . , as machine - learned from data or manually created ) . 
[ 0032 ] In yet further implementations , the detection por 
tion of the communication assistance model can include a 
feature extraction component that extracts one or more 
features of the communication to be analyzed . The extracted 
features can then be provided to the remainder of the 
detection portion ( e . g . , a neural network or other machine 
learned model ) for use in detecting any problematic state 
ment ( s ) included in the communication based at least in part 
on such features . Thus , the detection portion of the com 
munication assistance model can leverage a number of 
different machine - learning approaches to detect problematic 
statements . 
[ 0033 ] The one or more neural networks or other machine 
learned models can be trained on a training dataset that 
includes , for example , training example communications 
that include one or more portions that are labeled as prob 
lematic and / or one or more portions that are labeled as 
non - problematic . In particular , in some implementations , the 
problematic portions of the training examples can be labeled 
as corresponding to a particular category of problematic 
statements and / or can be labeled with a score indicative of 
the degree to which such portion is problematic . In addition , 
in some implementations , each training example can further 
include an example replacement statement for each portion 
labeled as problematic . 
[ 0034 ] As examples , categories of problematic statements 
can include inappropriate language ( e . g . , offensive or 
derogatory terms or euphemisms ) ; inappropriate tone ( e . g . , 
passive - aggressive tone or overly aggressive tone ) ; state 
ments that reveal confidential information ; legally problem 
atic statements ; and / or an unintended meaning . Thus , train 
ing the detection portion of the communication assistance 
model ( e . g . , a deep LSTM recurrent neural network ) on an 
appropriate training dataset can further enable the commu 
nication assistance model to not only recognize explicitly 
offensive words but also perform the more complex task of 
detecting more subtle problematic statements such as , for 
example , inappropriate tone , derogatory euphemisms , or 
biased language . In additional implementations , the com 
munication assistance model can detect when an individual 
composing a communication is intoxicated or otherwise 
incapacitated . 

10035 ] According to another aspect of the present disclo 
sure , in some implementations , the detection portion of the 
communication assistance model can output one or more 
confidence scores respectively for the one or more problem 
atic statements identified within the communication . The 
confidence score for each problematic statement can indicate 
a confidence that the identified statement is indeed prob 
lematic or can otherwise indicate a degree to which the 
identified statement is problematic . For example , a larger 
score can indicate a greater confidence that the statement is 
problematic or that the statement is relatively more prob 
lematic while a lower score can indicate a lesser confidence 
that the statement is problematic or that the statement is 
relatively less problematic . In some implementations , the 
detection portion of the communication assistance model 
can output , for each identified problematic statement , a 
confidence score for each potential category of problematic 
statements . In other implementations , only the score for the 
most confident category is output . 
[ 00361 The systems and methods of the present disclosure 
can use the confidence score ( s ) in various ways . As one 
example , in some implementations , the confidence score for 
each identified problematic statement can be compared to a 
particular threshold value to determine whether to notify the 
user of the problematic statement or otherwise intervene . 
Thus , for example , the systems of the present disclosure can 
ignore a first problematic statement that has a confidence 
score below the threshold value , but notify the user regard 
ing a second problematic statement that has a confidence 
score greater than the particular threshold value . Addition 
ally or alternatively , user controlled settings can be used to 
control notification frequency , style , thresholds , etc . 
[ 0037 ] As another example , the mechanism by which the 
systems of the present disclosure notify the user of the 
problematic statement or otherwise intervene can be a 
function of or otherwise dependent upon the confidence 
score ( s ) . Thus , for example , the systems of the present 
disclosure can provide a non - intrusive notification for a first 
problematic statement that has a confidence score that is less 
than a particular threshold value ( but greater than a base 
threshold value ) , but can automatically replace a second 
problematic statement ( e . g . , with a suggested replacement 
statement ) that has a confidence score greater than the 
particular threshold value . 
[ 0038 ] As yet another example , the threshold values for 
notification / intervention can be a function of a context 
associated with the communication . In particular , as one 
example , the threshold values for notification / intervention in 
a professional communication context may be relatively less 
than the threshold values for notification / intervention in a 
casual , light - hearted context . Thus , the systems and methods 
of the present disclosure can adjust various thresholds based 
on a determined context . 
100391 . As another example , the threshold values can be 
learned or otherwise adjusted based on user - specific feed 
back . For example , if a user repeatedly ignores or dismisses 
suggested replacements , the threshold for intervention can 
be increased , so that a user who does not value the com 
munication assistance is not continuously pestered . On the 
other hand , if a user repeatedly accepts suggested replace 
ment statements , the threshold for intervention can be 
decreased , so that a user who appreciates and uses the 
communication assistance is provided with additional assis 
tance . 
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[ 0040 ] In addition , the larger / smaller and greater - than 
less - than conventions used in the above discussion for 
confidence scores and threshold values are provided as 
examples only ; in alternative implementations , such con 
ventions can be inverted . 
[ 0041 ] According to yet another aspect of the present 
disclosure , in some implementations , in addition to the 
detection portion described above , the communication assis 
tance models can include a replacement portion that pro 
vides one or more suggested replacement statements to 
respectively replace the one or more problematic statements . 
As examples , the replacement portion of the communication 
assistance model can include one or more neural networks 
( e . g . , recurrent neural networks such as LSTM recurrent 
neural networks ) , phrase - based translators , sequence - to - se 
quence models , or other machine translators . As another 
example , the replacement portion of the communication 
assistance model can include a set of phrases component that 
substitutes a given problematic phrase with a respective 
non - problematic phrase associated therewith . The set of 
corresponding problematic / non - problematic phrases can be 
learned from data and / or manually created . 
[ 0042 ] In addition , as described above , the threshold for 
what is considered problematic human communication can 
be strongly context - dependent . For example , it is common 
that an individual may use different wording or tones 
depending upon the recipient of the communication ( e . g . , 
compare the appropriate tone of an email containing a PhD 
application to a professor versus the appropriate tone of an 
email to a friend of twenty years ) . 
[ 0043 ] As such , according to another aspect of the present 
disclosure , in some implementations , the communication 
assistance models of the present disclosure can include a 
context component that assists in performing context - spe 
cific detection and / or replacement of problematic statements 
based on the identity of the author , the identity of the 
recipient , and / or other contextual information . 
10044 ] As an example , in some implementations , the con 
text component can receive the identity of the author , the 
identity of the recipient , and / or other contextual information 
as inputs and , in response , output a context score . For 
example , the other contextual information can include a 
message thread that led to the current communication . 
[ 0045 ] In some implementations , the context score can 
describe an expected tone for the communication ( e . g . , 
whether the communication is expected to or should be 
polite , professional , casual , direct , etc . ) . In other implemen 
tations , the context score can include one or more numerical 
scores that indicate expected values for certain communi 
cation characteristics ( e . g . , tone , language , grammatical 
precision , etc . ) . 
10046 ] In some implementations , the context score can be 
input into the remainder of the detection portion of the 
communication assistance model ( e . g . , an LSTM recurrent 
neural network ) along with the communication itself . The 
context score can assist the detection portion of the com 
munication assistance model in determining which , if any , 
portions of the communication should be identified as prob 
lematic . 
[ 0047 ] In addition to or alternatively to use of the context 
score by the detection portion , the replacement portion of the 
communication assistance model can use the context score 
to assist in producing suitable suggested replacement state 
ments . In particular , an appropriate replacement statement 

can differ if the communication is directed to a close friend 
rather than a professional colleague . Therefore , in some 
implementations , the context score can be input into the 
replacement portion of the communication assistance model 
along with the identification of the one or more problematic 
statements included in the communication . The replacement 
portion can output the suggested replacement statements 
respectively for the problematic statements based at least in 
part on the context score . 
[ 0048 ] In some implementations , the context component 
can include one or more machine learned models such as , 
for example , one or more neural networks . As one example , 
in some implementations , given appropriate user consent , a 
neural network or other machine learned model can be 
trained for each pair of author and recipient . For example , 
the context component can be trained on one or more 
previous communications from the author ( e . g . , to the par 
ticular intended recipient ) , so as to recognize or otherwise 
learn an expected tone for the author ( e . g . , as relative to the 
particular intended recipient ) . In some implementations , to 
enhance user privacy , the communications themselves are 
not stored , but scores descriptive of certain communication 
characteristics ( e . g . , tone , language , grammatical precision , 
etc . ) can be determined and stored instead , for use in training 
a user - specific context component . In addition , as described 
above , in some implementations , users may be provided 
with an opportunity to adjust settings to control whether and 
how much ( if any ) the systems of the present disclosure 
collect and / or analyze communication data . 
[ 0049 ] In some implementations , rather than a discrete 
context component , the various models of the detection 
portion and / or replacement portion of the communication 
assistance model can be trained to have the identity of the 
sender , the identity of the recipient , and / or other contextual 
information as explicit input features . For example , one or 
more models of the replacement portion can be trained from 
the beginning incorporating sender and recipient as input 
features , allowing the model to capture particularities during 
the regular training process . 
[ 0050 ] According to another aspect of the present disclo 
sure , the systems and methods of the present disclosure can 
notify the user to the existence of the problematic statement 
in a number of ways . As one example , a non - intrusive 
notification ( e . g . , a pop - up window or icon in a lower screen 
area ) can be provided that simply notifies the user of the 
existence of the one or more problematic statements . If the 
user selects or otherwise engages with the notification , 
additional information ( e . g . , explicit identification of the 
problematic statements and / or the suggested replacement 
statements ) can be displayed or otherwise provided . The 
user can be provided with the opportunity to accept the 
replacement statements . 
[ 0051 ] As another example , portions of a communication 
designated as problematic can be displayed differently from 
non - problematic portions within the communication com 
position interface . For example , problematic statements can 
be highlighted , underlined , or otherwise visually set apart 
from the non - problematic portions . If a user selects the 
problematic statement ( e . g . , right clicks on the statement ) 
the user can be presented with the suggested replacement 
statement and the opportunity to accept or reject such 
replacement statement . 
[ 0052 ] As yet another example , the systems and methods 
of the present disclosure can automatically replace the one 
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f0057 ] With reference now to the Figures , example 
embodiments of the present disclosure will be discussed in 
further detail . 

or more problematic statements with the one or more 
suggested replacement statements . After automatic replace 
ment , the inserted replacement statements can be high 
lighted or otherwise visually set apart and the user can be 
provided with the option of undoing or otherwise rejecting 
the automatic replacements ( e . g . , by right clicking and 
rejecting the replacement ) . As another example , in the 
mobile context or other touch - input context , tapping on the 
phrase could trigger a replacement menu or other actions . 
[ 0053 ] Thus , the user can be provided with controls that 
enable the user to always maintain full control of the 
ultimate content of the communication . For example , auto 
matic replacement can be explicitly controlled ( e . g . , turned 
on / off ) using a user - adjustable setting . 
[ 0054 ] Furthermore , as described above , in some imple 
mentations , the mechanism by which the systems and meth 
ods of the present disclosure notify the user of the problem 
atic statement or otherwise intervene can be a function of or 
otherwise dependent upon confidence score ( s ) provided by 
the communication assistance model for the problematic 
statement ( s ) . Thus , for example , a non - intrusive notification 
can be provided for a first problematic statement that has a 
confidence score that is less than a particular threshold value 
( but greater than a base threshold value ) , while a second 
problematic statement that has a confidence score greater 
than the particular threshold value can be automatically 
replaced ( e . g . , with a suggested replacement statement ) . 
[ 0055 ] As another example , the notification mechanisms 
can be adjusted based on user - specific feedback . For 
example , if a user repeatedly ignores or dismisses suggested 
replacements , the notifications can be reduced or made less 
intrusive , so that a user who does not value the communi 
cation assistance is not continuously pestered . On the other 
hand , if a user repeatedly accepts suggested replacement 
statements , the notifications can be increased or made more 
automatic , so that a user who appreciates and uses the 
communication assistance is provided with additional assis 
tance . 
[ 0056 ] The systems and methods of the present disclosure 
provide a number of technical benefits . As one example , 
previous approaches assist in communication composition 
by using simple rules distilled into hand - crafted processing 
algorithms ( e . g . , if an email contains the word " attached ” but 
there is no attachment , then warn the user that there is no 
attachment ) . However , the approach provided herein enables 
the construction of a machine - learned communication assis 
tance model based on real user data . The communication 
assistance model automatically learns desired transforma 
tions from problematic to non - problematic statements . Such 
structure facilitates the scaling or transformation of the 
systems and methods described herein to multiple languages 
and / or different contexts . In addition , the systems and meth - 
ods of the present disclosure can be adapted to the particular 
communication context of the specific conversation in which 
the user is engaging . These benefits can be provided by the 
use of an end - to - end machine learned system . Additional 
technical benefits of the present disclosure include 
improved , comprehensive communication assistance that 
resolves many different categories of communication issues 
with a single processing system . The use of neural networks 
or other machine learned models also enables reduced pro 
cessing times , as such models very fast and require only 
minimal storage space . 

Example Devices and Systems 
[ 0058 ] FIG . 1A depicts a block diagram of an example 
computing system 100 that performs communication assis 
tance according to example embodiments of the present 
disclosure . The system 100 includes a user computing 
device 102 , a server computing system 130 , and a training 
computing system 150 that are communicatively coupled 
over a network 180 . 
[ 0059 ] The user computing device 102 can be any type of 
computing device , such as , for example , a personal com 
puting device ( e . g . , laptop or desktop ) , a mobile computing 
device ( e . g . , smartphone or tablet ) , a gaming console or 
controller , a wearable computing device , an embedded com 
puting device , or any other type of computing device . 
[ 0060 ] The user computing device 102 includes one or 
more processors 112 and a memory 114 . The one or more 
processors 112 can be any suitable processing device ( e . g . , 
a processor core , a microprocessor , an ASIC , a FPGA , a 
controller , a microcontroller , etc . ) and can be one processor 
or a plurality of processors that are operatively connected . 
The memory 114 can include one or more non - transitory 
computer - readable storage mediums , such as RAM , ROM , 
EEPROM , EPROM , flash memory devices , magnetic disks , 
etc . , and combinations thereof . The memory 114 can store 
data 116 and instructions 118 which are executed by the 
processor 112 to cause the user computing device 102 to 
perform operations . 
[ 0061 ] The user computing device 102 can store or include 
one or more communication assistance models 120 . For 
example , the communication assistance models 120 can be 
or can otherwise include various machine learned models 
such as neural networks ( e . g . , deep recurrent neural net 
works ) or other multi - layer non - linear models . Example 
communication assistance models 120 are discussed with 
reference to FIGS . 2 - 5 . 
[ 0062 ] In some implementations , the one or more com 
munication assistance models 120 can be received from the 
server computing system 130 over network 180 , stored in 
the user computing device memory 114 , and the used or 
otherwise implemented by the one or more processors 112 . 
In some implementations , the user computing device 102 
can implement multiple parallel instances of a single com 
munication assistance model 120 ( e . g . , to perform parallel 
communication assistance across multiple instances of user 
communication ) . 
00631 More particularly , communication assistance mod 
el ( s ) 120 can provide communication assistance to a user in 
any situation in which a user is composing a communication 
with the user computing device 102 . As one example , the 
communication assistance model ( s ) 120 can be employed 
within the context of a text messaging application of the user 
computing device 102 , an email application of the user 
computing device 102 , or any other text composition inter 
face of an application ( e . g . , a word processing application ) . 
As other examples , the communication assistance model ( s ) 
120 can be included as a browser plug - in that works as a user 
types into an interface of a browser application of the user 
computing device 102 , as an overlay or feature of a key 
board ( e . g . , a virtual keyboard on the user computing device 
102 ) , as a feature within a dictation application of the user 
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computing device 102 , or in other contexts . Thus , the 
communication assistance model ( s ) 120 can receive and 
analyze a textual communication as the user types it into the 
composition interface ( e . g . , via a keyboard , virtual key 
board , microphone , or other user input component 122 ) . 
[ 0064 ] Additionally or alternatively , one or more commu 
nication assistance models 140 can be included in or other 
wise stored and implemented by the server computing 
system 130 that communicates with the user computing 
device 102 according to a client - server relationship . For 
example , the communication assistance models 140 can be 
implemented by the server computing system 140 as a 
portion of a web service ( e . g . , a web email service ) . Thus , 
one or more models 120 can be stored and implemented at 
the user computing device 102 and / or one or more models 
140 can be stored and implemented at the server computing 
system 130 . 
10065 ) Communication data descriptive of a user commu 
nication can be analyzed a single time ( e . g . , just prior to 
transmission of the communication from the author to the 
recipient ) or multiple times ( e . g . , as the communication is 
entered by the user or periodically according to a schedule , 
such as , for example , every 5 seconds ) . For communication 
assistance models 140 implemented by the server computing 
system 130 , the communication data can make multiple 
round - trips to perform multiple detection / replacement 
cycles . 
[ 0066 ] The user computing device 102 can also include 
one or more user input component 122 that receives user 
input . For example , the user input component 122 can be a 
touch - sensitive component ( e . g . , a touch - sensitive display 
screen or a touch pad ) that is sensitive to the touch of a user 
input object ( e . g . , a finger or a stylus ) . The touch - sensitive 
component can serve to implement a virtual keyboard . Other 
example user input components include a microphone , a 
traditional keyboard , or other means by which a user can 
enter a communication . 
[ 0067 ] The server computing system 130 includes one or 
more processors 132 and a memory 134 . The one or more 
processors 132 can be any suitable processing device ( e . g . , 
a processor core , a microprocessor , an ASIC , a FPGA , a 
controller , a microcontroller , etc . ) and can be one processor 
or a plurality of processors that are operatively connected . 
The memory 134 can include one or more non - transitory 
computer - readable storage mediums , such as RAM , ROM , 
EEPROM , EPROM , flash memory devices , magnetic disks , 
etc . , and combinations thereof . The memory 134 can store 
data 136 and instructions 138 which are executed by the 
processor 132 to cause the server computing system 130 to 
perform operations . 
[ 0068 ] In some implementations , the server computing 
system 130 includes or is otherwise implemented by one or 
more server computing devices . In instances in which the 
server computing system 130 includes plural server com 
puting devices , such server computing devices can operate 
according to sequential computing architectures , parallel 
computing architectures , or some combination thereof . 
[ 0069 ] As described above , the server computing system 
130 can store or otherwise includes one or more machine 
learned communication assistance models 140 . For 
example , the communication assistance models 140 can be 
or can otherwise include various machine learned models 
such as neural networks ( e . g . , deep recurrent neural net 

works ) or other multi - layer non - linear models . Example 
communication assistance models 140 are discussed with 
reference to FIGS . 2 - 6 . 
[ 0070 ] The server computing system 130 can train the 
communication assistance models 140 via interaction with 
the training computing system 150 that is communicatively 
coupled over the network 180 . The training computing 
system 150 can be separate from the server computing 
system 130 or can be a portion of the server computing 
system 130 . 
10071 ] The training computing system 150 includes one or 
more processors 152 and a memory 154 . The one or more 
processors 152 can be any suitable processing device ( e . g . , 
a processor core , a microprocessor , an ASIC , a FPGA , a 
controller , a microcontroller , etc . ) and can be one processor 
or a plurality of processors that are operatively connected . 
The memory 154 can include one or more non - transitory 
computer - readable storage mediums , such as RAM , ROM , 
EEPROM , EPROM , flash memory devices , magnetic disks , 
etc . , and combinations thereof . The memory 154 can store 
data 156 and instructions 158 which are executed by the 
processor 152 to cause the training computing system 150 to 
perform operations . In some implementations , the training 
computing system 150 includes or is otherwise implemented 
by one or more server computing devices . 
[ 0072 ] The training computing system 150 can include a 
model trainer 160 that trains the machine - learned models 
140 stored at the server computing system 130 using various 
training or learning techniques , such as , for example , back 
wards propagation of errors ( e . g . , truncated backpropagation 
through time ) . The model trainer 160 can perform a number 
of generalization techniques ( e . g . , weight decays , dropouts , 
etc . ) to improve the generalization capability of the models 
being trained 
[ 0073 ] In particular , the model trainer 160 can train a 
communication assistance model 140 based on a set of 
training data 142 . The training data 142 can includes , for 
example , training example communications that include one 
or more portions that are labeled as problematic and / or one 
or more portions that are labeled as non - problematic . In 
particular , in some implementations , the problematic por 
tions of the training examples can be labeled as correspond 
ing to a particular category of problematic statements and / or 
can be labeled with a score indicative of the degree to which 
such portion is problematic . In addition , in some implemen 
tations , each training example can further include an 
example replacement statement for each portion labeled as 
problematic . 
[ 0074 ] As examples , categories of problematic statements 
can include inappropriate language ( e . g . , offensive or 
derogatory terms or euphemisms ) ; inappropriate tone ( e . g . , 
passive - aggressive tone , unprofessional tone , or overly 
aggressive tone ) ; statements that reveal confidential infor 
mation ; legally problematic statements ; and / or an unin 
tended meaning . 
[ 0075 ] In some implementations , if the user has provided 
consent , the training examples can be provided by the user 
computing device 102 ( e . g . , based on communications pre 
viously provided by the user of the user computing device 
102 ) . Thus , in such implementations , the model 120 pro 
vided to the user computing device 102 can be trained by the 
training computing system 150 on user - specific communi 
cation data received from the user computing device 102 . 
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board application , a browser application , etc . In some imple 
mentations , each application can communicate with the 
central intelligence layer ( and model ( s ) stored therein ) using 
an API ( e . g . , a common API across all applications ) . 
[ 0084 ] The central intelligence layer includes a number of 
machine learned models . For example , as illustrated in FIG . 
1C , a respective machine learned model ( e . g . , a communi 
cation assistance model ) can be provided for each applica 
tion and managed by the central intelligence layer . In other 
implementations , two or more applications can share a 
single machine learned model . For example , in some imple 
mentations , the central intelligence layer can provide a 
single model ( e . g . , a single communication assistance 
model ) for all of the applications . 
0085 ) The central intelligence layer can communicate 

with a central device data layer . The central device data layer 
can be a centralized repository of data for the computing 
device 50 . As illustrated in FIG . 1C , the central device data 
layer can communicate with a number of other components 
of the computing device , such as , for example , one or more 
sensors , a context manager , a device state component , and / or 
additional components . In some implementations , the cen 
tral device data layer can communicate with each device 
component using an API ( e . g . , a private API ) . 

[ 0076 ] The model trainer 160 includes computer logic 
utilized to provide desired functionality . The model trainer 
160 can be implemented in hardware , firmware , and / or 
software controlling a general purpose processor . For 
example , in some implementations , the model trainer 160 
includes program files stored on a storage device , loaded 
into a memory and executed by one or more processors . In 
other implementations , the model trainer 160 includes one 
or more sets of computer - executable instructions that are 
stored in a tangible computer - readable storage medium such 
as RAM hard disk or optical or magnetic media . 
[ 0077 ] The network 180 can be any type of communica 
tions network , such as a local area network ( e . g . , intranet ) , 
wide area network ( e . g . , Internet ) , or some combination 
thereof and can include any number of wired or wireless 
links . In general , communication over the network 180 can 
be carried via any type of wired and / or wireless connection , 
using a wide variety of communication protocols ( e . g . , 
TCP / IP , HTTP , SMTP , FTP ) , encodings or formats ( e . g . , 
HTML , XML ) , and / or protection schemes ( e . g . , VPN , 
secure HTTP , SSL ) . 
[ 0078 ] FIG . 1A illustrates one example computing system 
that can be used to implement the present disclosure . Other 
computing systems can be used as well . For example , in 
some implementations , the user computing device 102 can 
include the model trainer 160 and the training dataset 162 . 
In such implementations , the communication assistance 
models 120 can be both trained and used locally at the user 
computing device 102 . In some of such implementations , the 
user computing device 102 can implement the model trainer 
160 to personalize the communication assistance models 
120 based on user - specific data . 
[ 0079 ] FIG . 1B depicts a block diagram of an example 
computing device 10 that performs communication assis 
tance according to example embodiments of the present 
disclosure . The computing device 10 can be a user comput 
ing device or a server computing device . 
[ 0080 ] The computing device 10 includes a number of 
applications ( e . g . , applications 1 through N ) . Each applica 
tion contains its own machine learning library and machine 
learned model ( s ) . For example , each application can include 
a machine learned communication assistance model . 
Example applications include a text messaging application , 
an email application , a dictation application , a virtual key 
board application , a browser application , etc . 
[ 0081 ] As illustrated in FIG . 1B , each application can 
communicate with a number of other components of the 
computing device , such as , for example , one or more sen 
sors , a context manager , a device state component , and / or 
additional components . In some implementations , each 
application can communicate with each device component 
using an API ( e . g . , a public API ) . In some implementations , 
the API used by each application is specific to that applica 
tion . 
[ 0082 ] FIG . 1C depicts a block diagram of an example 
computing device 50 that performs communication assis 
tance according to example embodiments of the present 
disclosure . The computing device 50 can be a user comput 
ing device or a server computing device . 
[ 0083 ] The computing device 50 includes a number of 
applications ( e . g . , applications 1 through N ) . Each applica 
tion is in communication with a central intelligence layer . 
Example applications include a text messaging application , 
an email application , a dictation application , a virtual key - 

Example Model Arrangements 
[ 0086 ] FIG . 2 depicts a block diagram of an example 
communication assistance model 200 according to example 
embodiments of the present disclosure . In some implemen 
tations , the communication assistance model 200 is trained 
to receive a set of communication data 204 descriptive of a 
communication and , as a result of receipt of the communi 
cation data 204 , output one or more indications 206 that 
respectively identify one or more problematic statements 
included in the communication . Thus , in some implemen 
tations , the communication assistance model 200 can 
include a detection portion 202 that is operable to detect 
problematic statements included in a user - composed com 
munication . 
[ 0087 ] In some implementations , the set of communica 
tion data 204 can be a set of sequential communication data . 
For example , the sequential communication data can 
describe text in an order in which it was entered by the user . 
In some implementations , the set of communication data 
includes an entire message thread that led to the new 
communication provided by the user . In other implementa 
tions , the set of communication data includes only a new 
communication provided by the user . 
[ 0088 ] As examples , the detection portion 202 of the 
communication assistance model 200 can include one or 
more neural networks ( e . g . , deep neural networks ) . For 
example , the detection portion 202 of the communication 
assistance model 200 can include one or more recurrent 
neural networks such as , for example , long short - term 
memory ( LSTM ) recurrent neural networks , gated recurrent 
unit networks , or other recurrent neural networks . In other 
implementations , in addition or alternatively to one or more 
neural networks , the detection portion 202 of the commu 
nication assistance model 200 can include other forms of 
machine learned models such as , for example , support vec 
tor machines , hidden Markov models , and other machine 
learned classifiers . In addition , in some implementations , the 
detection portion 202 of the communication assistance 
model 200 can include or implement additional alternative 



US 2018 / 0137400 A1 May 17 , 2018 

approaches such as rule - based systems ( e . g . , as machine 
learned from data or manually created ) . 
[ 0089 ] The one or more neural networks or other machine 
learned models can be trained on a training dataset that 
includes , for example , training example communications 
that include one or more portions that are labeled as prob 
lematic and / or one or more portions that are labeled as 
non - problematic . In particular , in some implementations , the 
problematic portions of the training examples can be labeled 
as corresponding to a particular category of problematic 
statements and / or can be labeled with a score indicative of 
the degree to which such portion is problematic . In addition , 
in some implementations , each training example can further 
include an example replacement statement for each portion 
labeled as problematic . 
[ 0090 ] As examples , categories of problematic statements 
can include inappropriate language ( e . g . , offensive or 
derogatory terms or euphemisms ) ; inappropriate tone ( e . g . , 
passive - aggressive tone or overly aggressive tone ) ; state 
ments that reveal confidential information ; legally problem 
atic statements ; and / or an unintended meaning . Thus , train 
ing the detection portion of the communication assistance 
model ( e . g . , a deep LSTM recurrent neural network ) on an 
appropriate training dataset can further enable the commu 
nication assistance model to not only recognize explicitly 
offensive words but also perform the more complex task of 
detecting more subtle problematic statements such as , for 
example , inappropriate tone , derogatory euphemisms , or 
biased language . In additional implementations , the com 
munication assistance model can detect when an individual 
composing a communication is intoxicated or otherwise 
incapacitated . 
[ 0091 ] According to another aspect of the present disclo 
sure , in some implementations , the detection portion 202 of 
the communication assistance model 200 can output one or 
more confidence scores respectively for the one or more 
problematic statements 206 identified within the communi 
cation . The confidence score for each problematic statement 
can indicate a confidence that the identified statement is 
indeed problematic or can otherwise indicate a degree to 
which the identified statement is problematic . For example , 
a larger score can indicate a greater confidence that the 
statement is problematic or that the statement is relatively 
more problematic while a lower score can indicate a lesser 
confidence that the statement is problematic or that the 
statement is relatively less problematic . In some implemen 
tations , the detection portion 202 of the communication 
assistance model 200 can output , for each identified prob 
lematic statement , a confidence score for each potential 
category of problematic statements . In other implementa 
tions , only the score for the most confident category is 
output . 
[ 0092 ] The systems and methods of the present disclosure 
can use the confidence score ( s ) in various ways . As one 
example , in some implementations , the confidence score for 
each identified problematic statement can be compared to a 
particular threshold value to determine whether to notify the 
user of the problematic statement or otherwise intervene . 
Thus , for example , the systems of the present disclosure can 
ignore a first problematic statement that has a confidence 
score below the threshold value , but notify the user regard 
ing a second problematic statement that has a confidence 
score greater than the particular threshold value . 

[ 0093 ] As another example , the mechanism by which the 
systems of the present disclosure notify the user of the 
problematic statement or otherwise intervene can be a 
function of or otherwise dependent upon the confidence 
score ( s ) . Thus , for example , the systems of the present 
disclosure can provide a non - intrusive notification for a first 
problematic statement that has a confidence score that is less 
than a particular threshold value ( but greater than a base 
threshold value ) , but can automatically replace a second 
problematic statement ( e . g . , with a suggested replacement 
statement ) that has a confidence score greater than the 
particular threshold value . 
[ 0094 ] As yet another example , the threshold values for 
notification / intervention can be a function of a context 
associated with the communication . In particular , for 
example , the threshold values for notification / intervention in 
a professional communication context may be relatively less 
than the threshold values for notification / intervention in a 
casual , light - hearted context . Thus , the systems and methods 
of the present disclosure can adjust various thresholds based 
on a determined context . Other example content - dependent 
aspects will be discussed further below . 
[ 0095 ] As another example , the threshold values can be 
adjusted based on user - specific feedback . For example , if a 
user repeatedly ignores or dismisses suggested replace 
ments , the threshold for intervention can be increased , so 
that a user who does not value the communication assistance 
is not continuously pestered . On the other hand , if a user 
repeatedly accepts suggested replacement statements , the 
threshold for intervention can be decreased , so that a user 
who appreciates and uses the communication assistance is 
provided with additional assistance . 
[ 0096 ] In addition , the larger / smaller and greater - than / 
less - than conventions used in the above discussion for 
confidence scores and threshold values are provided as 
examples only ; in alternative implementations , such con 
ventions can be inverted . 
[ 0097 ] FIG . 3 depicts a block diagram of an example 
communication assistance model 300 according to example 
embodiments of the present disclosure . The communication 
assistance model 300 is similar to model 200 of FIG . 2 
except that model 300 further includes a feature extraction 
component 302 . The feature extraction component 302 
extracts one or more features 304 from the set of commu 
nication data 204 . The extracted features 304 can then be 
provided to the detection portion 202 ( e . g . , a neural network 
or other machine learned model ) for use in detecting any 
problematic statement ( s ) included in the communication 
based at least in part on such features . 
[ 0098 ] FIG . 4 depicts a block diagram of an example 
communication assistance model 400 according to example 
embodiments of the present disclosure . The communication 
assistance model 400 is similar to model 200 , except that 
model 400 further includes a replacement portion 402 . The 
replacement portion 402 can provides one or more suggested 
replacement statements 404 to respectively replace the one 
or more problematic statements 206 . 
[ 009 ] As examples , the replacement portion 402 of the 
communication assistance model 400 can include one or 
more neural networks ( e . g . , recurrent neural networks such 
as LSTM recurrent neural networks ) , phrase - based transla 
tors , sequence - to - sequence models , or other machine trans 
lators . As another example , the replacement portion 402 of 
the communication assistance model 400 can include a set of 
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example , in some implementations , given appropriate user 
consent , a neural network or other machine learned model 
can be trained for each pair of author and recipient . For 
example , the context component 502 can be trained on one 
or more previous communications from the author ( e . g . , to 
the particular intended recipient ) , so as to recognize or 
otherwise learn an expected tone for the author ( e . g . , as 
relative to the particular intended recipient ) . In some imple 
mentations , to enhance user privacy , the communications 
themselves are not stored , but scores descriptive of certain 
communication characteristics ( e . g . , tone , language , gram 
matical precision , etc . ) can be determined and stored instead , 
for use in training a user - specific context component 502 . In 
addition , as described above , in some implementations , 
users may be provided with an opportunity to adjust settings 
to control whether and how much ( if any ) the systems of the 
present disclosure collect and / or analyze communication 
data . 
[ 0107 ] In some implementations , rather than a discrete 
context component 502 , the various models of the detection 
portion 202 and / or replacement portion 402 of the commu 
nication assistance model 500 can be trained to have the 
identity of the sender , the identity of the recipient , and / or 
other contextual information 504 as explicit input features . 
For example , one or more models of the replacement portion 
402 can be trained from the beginning incorporating sender 
and recipient as input features , allowing the model to capture 
particularities during the regular training process . 

phrases component that substitutes a given problematic 
phrase with a respective non - problematic phrase associated 
therewith . The set of corresponding problematic / non - prob 
lematic phrases can be learned from data and / or manually 
created 
[ 0100 ] FIG . 5 depicts a block diagram of an example 
communication assistance model 500 according to example 
embodiments of the present disclosure . The communication 
assistance model 500 is similar to model 400 of FIG . 4 
except that model 500 further includes a context component 
502 . 
[ 0101 ] More particularly , as described above , the thresh 
old for what is considered problematic human communica 
tion can be strongly context - dependent . For example , it is 
common that an individual may use different wording or 
tones depending upon the recipient of the communication 
( e . g . , compare the appropriate tone of an email containing a 
PhD application to a professor versus the appropriate tone of 
an email to a friend of twenty years ) . 
[ 0102 ] As such , the communication assistance model 500 
can include a context component 502 that assists in per 
forming context - specific detection and / or replacement of 
problematic statements based on context information 504 . 
As examples , the context information 504 can include the 
identity of the author , the identity of the recipient , a current 
message thread , previous threads , and / or other information . 
[ 0103 ] As an example , in some implementations , the con 
text component 504 can receive the identity of the author , 
the identity of the recipient , and / or other contextual infor 
mation 504 as inputs and , in response , output a context score 
506 . In some implementations , the context score 506 can 
describe an expected tone for the communication ( e . g . , 
whether the communication is expected to or should be 
polite , professional , casual , direct , etc . ) . In other implemen 
tations , the context score 506 can include one or more 
numerical scores that indicate expected values for certain 
communication characteristics ( e . g . , tone , language , gram 
matical precision , etc . ) . 
[ 0104 ] In some implementations , the context score 506 
can be input into the detection portion 202 of the commu 
nication assistance model 500 ( e . g . , an LSTM recurrent 
neural network ) along with the communication data 204 . 
The context score 506 can assist the detection portion 202 of 
the communication assistance model 500 in determining 
which , if any , portions of the communication should be 
identified as problematic . 
[ 0105 ] In addition to or alternatively to use of the context 
score 506 by the detection portion 202 , the replacement 
portion 402 of the communication assistance model 500 can 
use the context score 506 to assist in producing suitable 
suggested replacement statements 404 . In particular , an 
appropriate replacement statement can differ if the commu 
nication is directed to a close friend rather than a profes 
sional colleague . Therefore , in some implementations , the 
context score 506 can be input into the replacement portion 
402 of the communication assistance model 500 along with 
the identification 206 of the one or more problematic state 
ments included in the communication . The replacement 
portion 402 can output the suggested replacement statements 
404 respectively for the problematic statements 206 based at 
least in part on the context score 506 . 
[ 0106 ] . In some implementations , the context component 
502 can include one or more machine learned models such 
as , for example , one or more neural networks . As one 

Example Methods 
[ 0108 ] FIG . 6 depicts a flow chart diagram of an example 
method to perform communication assistance according to 
example embodiments of the present disclosure . Although 
FIG . 6 depicts steps performed in a particular order for 
purposes of illustration and discussion , the methods of the 
present disclosure are not limited to the particularly illus 
trated order or arrangement . The various steps of the method 
600 can be omitted , rearranged , combined , and / or adapted in 
various ways without deviating from the scope of the present 
disclosure . 
( 0109 ] At 602 , a computing system receives a communi 
cation provided by a user . As examples , the communication 
can be entered into a user computing device via a keyboard 
or dictated via a microphone . 
[ 0110 ] At 604 , the computing system provides a set of 
communication data descriptive of the communication for 
input into a machine learned communication assistance 
model . For example , a user computing device can input the 
set of communication data into a local machine learned 
communication assistance model . As another alternative 
example , a user computing device can transmit the set of 
communication data over a network to a server computing 
device and the server computing device can input the set of 
communication data into a machine - learned communication 
assistance model stored at the server computing device . 
[ 0111 ] In some implementations , providing the set of 
communication data at 604 includes providing a string of 
text for input into the machine learned communication assis 
tance model . In particular , the string of text can be input into 
the machine learned communication assistance model 
according to an order of user entry associated with the string 
of text ( e . g . , in the order in which it was received ) . 
0112 ] At 606 , the computing system receives one or more 
indications that respectively identify one or more problem 
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automatic , so that a user who appreciates and uses the 
communication assistance is provided with additional assis 
tance . 

atic statements included in the communication . The one or 
more indications can have been output by the machine 
learned communication assistance model . For example , the 
user computing device can receive the indications from a 
local model or from the server over the network . 
[ 0113 ] . In some implementations , receiving the indications 
at 606 can include receiving one or more suggested replace 
ment statements to respectively replace the one or more 
problematic statements . The one or more suggested replace 
ment statements can have been output by the machine 
learned communication assistance model . For example , the 
user computing device can receive the suggested replace 
ment statements from a local model or from the server over 
the network . 
[ 0114 ] At 608 , the computing system provides information 
regarding the one or more problematic statements for dis 
play to the user . In some implementations , providing the 
information at 608 regarding the problematic statements can 
include providing the one or more suggested replacement 
statements for display to the user . 
[ 0115 ] As one example , a non - intrusive notification ( e . g . , 
a pop - up window or icon in a lower screen area ) can be 
provided that simply notifies the user of the existence of the 
one or more problematic statements . If the user selects or 
otherwise engages with the notification , additional informa 
tion ( e . g . , explicit identification of the problematic state 
ments and / or suggested replacement statements ) can be 
displayed or otherwise provided . 
[ 0116 ] As another example , portions of a communication 
designated as problematic can be displayed differently from 
non - problematic portions within the communication com 
position interface . For example , problematic statements can 
be highlighted , underlined , or otherwise visually set apart 
from the non - problematic portions . 
[ 0117 ] As yet another example , the systems and methods 
of the present disclosure can automatically replace the one 
or more problematic statements with the one or more 
suggested replacement statements . After automatic replace 
ment , the inserted replacement statements can be high 
lighted or otherwise visually set apart and the user can be 
provided with the option of undoing or otherwise rejecting 
the automatic replacements ( e . g . , by right clicking and 
rejecting the replacement ) . Thus , the user can be provided 
with controls that enable the user to always maintain full 
control of the ultimate content of the communication . Like 
wise , in some implementations , automatic replacement only 
occur if explicitly turned on by a user setting . 
[ 0118 ] Furthermore , as described above , in some imple 
mentations , the mechanism by which the systems of the 
present disclosure notify the user of the problematic state 
ment or otherwise intervene can be a function of or other 
wise dependent upon confidence score ( s ) provided by the 
communication assistance model for the problematic state 
ment ( s ) . Thus , for example , a non - intrusive notification can 
be provided for a first problematic statement that has a 
confidence score that is less than a particular threshold value 
( but greater than a base threshold value ) , while a second 
problematic statement that has a confidence score greater 
than the particular threshold value can be automatically 
replaced ( e . g . , with a suggested replacement statement ) . 
[ 01191 . As another example , the notification mechanisms 
can be adjusted based on user - specific feedback . For 
example , if a user repeatedly ignores or dismisses suggested 
replacements , the notifications can be reduced or made less 
intrusive , so that a user who does not value the communi 
cation assistance is not continuously pestered . On the other 
hand , if a user repeatedly accepts suggested replacement 
statements , the notifications can be increased or made more 

Additional Disclosure 
[ 0120 ] The technology discussed herein makes reference 
to servers , databases , software applications , and other com 
puter - based systems , as well as actions taken and informa 
tion sent to and from such systems . The inherent flexibility 
of computer - based systems allows for a great variety of 
possible configurations , combinations , and divisions of tasks 
and functionality between and among components . For 
instance , processes discussed herein can be implemented 
using a single device or component or multiple devices or 
components working in combination . Databases and appli 
cations can be implemented on a single system or distributed 
across multiple systems . Distributed components can oper 
ate sequentially or in parallel . 
[ 0121 ] While the present subject matter has been 
described in detail with respect to various specific example 
embodiments thereof , each example is provided by way of 
explanation , not limitation of the disclosure . Those skilled in 
the art , upon attaining an understanding of the foregoing , 
can readily produce alterations to , variations of , and equiva 
lents to such embodiments . Accordingly , the subject disclo 
sure does not preclude inclusion of such modifications , 
variations and / or additions to the present subject matter as 
would be readily apparent to one of ordinary skill in the art . 
For instance , features illustrated or described as part of one 
embodiment can be used with another embodiment to yield 
a still further embodiment . Thus , it is intended that the 
present disclosure cover such alterations , variations , and 
equivalents . 
What is claimed is : 
1 . A computer - implemented method for communication 

assistance , the method comprising : 
receiving , by one or more computing devices , a first 

communication provided by a user ; 
providing , by the one or more computing devices , a first 

set of sequential communication data descriptive of the 
first communication provided by the user for input into 
a machine learned communication assistance model , 
wherein the machine learned communication assis 
tance model comprises at least one long short - term 
memory recurrent neural network ; 

receiving , by the one or more computing devices , one or 
more indications that respectively identify one or more 
problematic statements included in the first communi 
cation , the one or more indications output by the 
machine - learned communication assistance model ; and 

providing , by the one or more computing devices , infor 
mation regarding the one or more problematic state 
ments for display to the user . 

2 . The computer - implemented method of claim 1 , 
wherein providing , by the one or more computing devices , 
the first set of sequential communication data for input into 
the machine learned communication assistance model com 
prises providing , by the one or more computing devices , a 
string of text for input into the machine - learned communi 
cation assistance model , the string of text input into the 
machine learned communication assistance model accord 
ing to an order of user entry associated with the string of 
text . 

3 . The computer - implemented method of claim 1 , further 
comprising : 

receiving , by the one or more computing devices , one or 
more suggested replacement statements to respectively 
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replace the one or more problematic statements , the one 
or more suggested replacement statements output by 
the machine - learned communication assistance model ; 

wherein providing , by the one or more computing 
devices , the information regarding the one or more 
problematic statements for display to the user com 
prises providing , by the one or more computing 
devices , the one or more suggested replacement state 
ments for display to the user . 

4 . The computer - implemented method of claim 1 , 
wherein receiving , by the one or more computing devices , 
the one or more indications that respectively identify the one 
or more problematic statements included in the first com 
munication comprises receiving , by the one or more com 
puting devices , the one or more indications that respectively 
identify the one or more problematic statements that have an 
inappropriate tone relative to an intended recipient of the 
first communication . 

5 . The computer - implemented method of claim 1 , 
wherein receiving , by the one or more computing devices , 
the one or more indications that respectively identify the one 
or more problematic statements included in the first com 
munication comprises receiving , by the one or more com 
puting devices , the one or more indications that respectively 
identify the one or more problematic statements that respec 
tively include one or more of : offensive language , confiden 
tial information , or legally problematic statements . 

6 . The computer - implemented method of claim 1 , further 
comprising : 

receiving , by the one or more computing devices , one or 
more suggested replacement statements to respectively 
replace the one or more problematic statements , the one 
or more suggested replacement statements output by 
the machine - learned communication assistance model ; 

wherein providing , by the one or more computing 
devices , information regarding the one or more prob 
lematic statements for display to the user comprises 
automatically replacing , by the one or more computing 
devices , the one or more problematic statements in the 
first communication with the one or more suggested 
replacement statements . 

7 . The computer - implemented method of claim 1 , 
wherein providing , by the one or more computing devices , 
information regarding the one or more problematic state 
ments for display to the user comprises providing , by the one 
or more computing devices , a notification for display within 
a user interface , wherein the notification indicates the exis 
tence of the one or more problematic statements . 

8 . A computing system to provide communication assis 
tance , the computing system comprising : 

at least one processor ; 
a machine learned communication assistance model that 

comprises at least one recurrent neural network , 
wherein the communication assistance model is trained 
to receive a first set of sequential communication data 
descriptive of a first communication provided by a user 
and , in response to receipt of the first set of sequential 
communication data , detect one or more problematic 
statements included in the first communication ; and 

at least one tangible , non - transitory computer - readable 
medium that stores instructions that , when executed by 
the at least one processor , cause the at least one 
processor to : 

obtain the first set of sequential communication data 
descriptive of the first communication provided by 
the user ; 

input the first set of sequential communication data into 
the communication assistance model ; and 

receive , as an output of the communication assistance 
model , one or more indications that respectively 
identify the one or more problematic statements 
included in the first communication . 

9 . The computing system of claim 8 , wherein the one or 
more problematic statements include one or more of : an 
inappropriate tone , offensive language , confidential infor 
mation , or legally problematic statements . 

10 . The computing system of claim 8 , wherein : 
the instructions that cause the at least one processor to 

input the first set of sequential communication data into 
the communication assistance model cause the at least 
one processor to input the first set of sequential com 
munication data into the recurrent neural network of the 
communication assistance model , and 

the recurrent neural network outputs the one or more 
indications . 

11 . The computing system of claim 10 , wherein the 
recurrent neural network comprises a long short - term 
memory recurrent neural network . 

12 . The computing system of claim 8 , wherein : 
the communication assistance model comprises a feature 

extraction component ; 
the instructions that cause the at least one processor to 

input the first set of sequential communication data into 
the communication assistance model cause the at least 
one processor to input the first set of sequential com 
munication data into the feature extraction component ; 

the feature extraction component extracts one or more 
features of the first communication ; and 

the communication assistance model outputs the one or 
more indications based at least in part on the one or 
more features extracted by the feature extraction com 
ponent . 

13 . The computing system of claim 8 , wherein the com 
munication assistance model outputs , for each of the one or 
more problematic statements , at least one confidence score 
for at least one of a plurality of categories of problematic 
statements . 

14 . The computing system of claim 13 , wherein execution 
of the instructions further causes the computing system to 
select one of a plurality of different interventions based at 
least in part on the at least one confidence score , wherein 
each of the plurality of different interventions alerts the user 
to the existence of the one or more problematic statements , 
and wherein the plurality of different interventions have 
different amounts of intrusiveness . 

15 . The computing system of claim 8 , wherein : 
the communication assistance model comprises a context 

component and a machine learned detection model ; 
execution of the instructions further causes the at least one 

processor to input information about the user and an 
intended recipient of the first communication into the 
context component ; 

in response to receipt of the information about the user 
and the intended recipient of the first communication , 
the context component outputs a context categorization 
that describes an appropriate tone for the first commu 
nication ; 
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the machine learned detection model outputs the one or 
more indications based at least in part on the context 
categorization output by the context component . 

16 . The computing system of claim 8 , wherein the com 
munication assistance model comprises a replacement por 
tion that provides one or more suggested replacement state 
ments to respectively replace the one or more problematic 
statements . 

17 . The computing system of claim 16 , wherein the 
replacement portion comprises a machine learned machine 
translation model . 

18 . A user computing device , the user computing device 
comprising : 

at least one processor ; and 
at least one non - transitory computer - readable medium 

that stores instructions that , when executed by the at 
least one processor , cause the user computing device to : 
receive a first communication provided by a user ; 
provide a first set of communication data descriptive of 

the first communication provided by the user for 
input into a machine learned communication assis 
tance model , wherein the machine learned commu 
nication assistance model comprises at least one long 
short - term memory recurrent neural network ; 

receive one or more indications that respectively iden 
tify one or more problematic statements included in 
the first communication , the one or more indications 
output by the machine learned communication assis 
tance model ; and 

display a notification that indicates the existence of the 
one or more problematic statements . 

19 . The user computing device of claim 18 , wherein the 
at least one non - transitory computer - readable medium of the 
user computing device stores the machine learned commu 
nication assistance model . 

20 . The user computing device of claim 18 , wherein the 
execution of the instructions further causes the user com 
puting device to : 

receive one or more suggested replacement statements to 
respectively replace the one or more problematic state 
ments , the one or more suggested replacement state 
ments output by the machine learned communication 
assistance model ; and 

display the one or more suggested replacement state 
ments . 

* * * * 


